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Motivation

® There are many time-series data sets, such as language, video, and

bio-signals that could not fit into this framework.

&

FNN Cat 0.97 “one minus two plus three” FNN 'the answer is two”

Great! But ...
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Motivation

® There are many time-series data sets, such as language, video, and
bio-signals that could not fit into this framework.

® The Recurrent Neural Network (RNN) is a deep learning architecture

designed for processing time-series data.

o

FNN Cat 0.97 “one minus two plus three” | | RNN “the answer is two”
today's main
Great! But ... character
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How to represent word?

® One Solution: Words as vector

| teddy bear teddy bear
soft
soﬁ
book '
book
Sparse vector Dense vector

Shanghai Jiao Tong University | 2026 | yangxue.site 5
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Word Representation

How to represent word?

® One Solution: Words as vector

® \We can compute the difference between each words by cosine similarity

similarity =

Shanghai Jiao Tong University | 2026 | yangxue.site 6
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How to transfer the words into vectors?

® hotel, conference, motel — a localist representation

motel = [?7?7]
hotel = [?7?7]
conference =[? ? ?]

Shanghai Jiao Tong University | 2026 | yangxue.site 7



Word Representation

Sparse solution: one-hot vectors

® hotel, conference, motel — a localist representation

Means one 1, the rest Os

l

Such symbols for words can be represented by one-hot vectors:

motel =[000000000010000]
hotel =[000000010000000]

conference =[010000000000000]

Vector dimension = number of words in vocabulary (e.g., 500,000+)

Shanghai Jiao Tong University | 2026 | yangxue.site
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Word Representation

Dense solution: Word Embedding

® \We can also represent a word using a vector of floating-point numbers.

It

hello - h__e Word embedding vector

_ " ~ _she

hi - =g
“hello” | FNN )[0.32,0.98,0.12, 0.54 ....]
— / —two '
beijing— | e
J p—

hangzhou | ...
london  gimilar words are grouped together

Shanghai Jiao Tong University | 2026 | yangxue.site 9
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Word Representation

Dense solution: Word Embedding

® Given a vocabulary with 5 words, we can have a word embedding table that
each word has 3 (Dimension) feature values.

[0.234, -0.567, 0.891]

tel =[10000
mote [ | [-0.123, 0.456, -0.789] [0.234, -0.567, 0.891]
hotel =[01000] 9  [0.678,-0.234, 0.345] [-0.123, 0.456, -0.789]
[-0.456, 0.789, -0.123] 0.678, -0.234, 0.345
conference =[00100] [0.567, -0.891, 0.234] | |
One-hot vector Word Embedding Table Word Embedding

Vector dimension = number of feature (Better than sparse solution)

Shanghai Jiao Tong University | 2026 | yangxue.site 10
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d Representation

Dense solution: Word Embedding

[ Iuve] [Ilamas]

cats puppy houses  apple E:Etigzéﬁés s Order of
. : i 5 3 processing
animal 93 -.56 -67 "

A1 -32 =

x| [3] [

plural ek -.82 -.51
fruit | -51 -9 -5

Shanghai Jiao Tong University | 2026 | yangxue.site 11
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Encoder (RNN)

human

+ Number of dimensions : :
(properties) : [ Contextembedding ] HE N

Decoder (RNN) =




presentation

How to get word vectors?

a N\ take
0.286 o keep

0.792 make  get

-0.177 meet _— continue

-0.107

expect = 0.109
-0.542
0.349

0.271

want

Shanghai Jiao Tong University | 2026 | yangxue.site
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become

remain

be

being
been

ha
qws
have 12



Word Representation

How to get word vectors?

® Distributional semantics: A word’s meaning is given by the words that

frequently appear close-by.

® \When a word w appears in a text, its context is the set of words that appear

nearby (within a fixed-size window).

® \We use the many contexts of w to build up a representation of w

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the

hodgepodge...
...Indi\has just given its bankiryystem a shot in the arm...

These context words will represent banking

Shanghai Jiao Tong University | 2026 | yangxue.site 13
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How to get word vectors?

() Wordzvec (M|kOIOV et al 2013) |S a B

INPUT PROJECTION OUTPUT _." INPUT PROJECTION  OUTPUT

w(t-2)

framework for learning word vectors ..

wi(t-1)

/

w(t+2)

wit-1) :
® Two model variants: \ [ U [
v' Skip-grams (SG) E

wit+1) /
Predict context (“outside”) words (position /

wit+2)
independent) given center word

v" Continuous Bag of Words (CBOW) Continuous Bag of Words (CBOW) Skip-grams

»
'''''''
--------------------------------------------

Predict center word from (bag of) context words

Shanghai Jiao Tong University | 2026 | yangxue.site 14
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How to get word vectors?

® Word2vec (Mikolov et al. 2013) is a framework for learning word vectors
® |dea:

v" We have a large corpus (“body”) of text: a long list of words.

v' Every word in a fixed vocabulary is represented by a vector.

v" Go through each position t in the text, which has a center word ¢ and context
(“outside”) words o.

v Use the similarity of the word vectors for ¢ and o to calculate the probability of o
given ¢ (or vice versa)

v Keep adjusting the word vectors to maximize this probability

Shanghai Jiao Tong University | 2026 | yangxue.site 15
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Word2vec

® Example windows and process for computing: P(w ., ;|w/)

P(w;_plw;) P(wWiiolwy)

P(wi_qlw,) P(Wipqlwy)
N TN
problems turning - banking crises as

\ J \ y,
Y %(—j Y
outside context words center word outside context words
in window of size 2 At position t in window of size 2

Shanghai Jiao Tong University | 2026 | yangxue.site 16
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Word Representation

Word2vec

® Example windows and process for computing: P(w ., ;|w/)

P(w;_p|w;) P(Wiiolwy)

P(w_1lw) P(wiyqlwy)
N N
problems turning into - crises as
\ J \ J \ J
Y Y Y

outside context words center word outside context words
in window of size 2 At position t in window of size 2

Shanghai Jiao Tong University | 2026 | yangxue.site 17



TR > 7 %

C, &
N/ SHANGHAI JIAO TONG UNIVERSITY

Word Representation

Word2vec: objective function

® For each positiont =1, ..., T, predict context words within a window of fixed

size m, given center word w,. Data likelihood:
T

Likelihood=L(@) = || [] PWujlw:i6)

t=1—m<j<m
j#0

Shanghai Jiao Tong University | 2026 | yangxue.site 18
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Word2vec: objective function

® For each positiont =1, ..., T, predict context words within a window of fixed

size m, given center word w,. Data likelihood:
T

Likelihood=L(@) = || [] PWujlw:i6)

t=1—m<j<m
j#0

® The objective function J(0) is the (average) negative log likelihood:

1 1 o
J(6) == logL(8) === > 10gP(Wis;|wy; 6)

t=1-m<j<m
Jj#0

Shanghai Jiao Tong University | 2026 | yangxue.site 19
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Word Representation

Word2vec: objective function

® \We want to minimize the objective function:

)(6) = ——Z > logP(w,y;lw; 6)

—m<j<m
j#0

® Question: How to calculate P(w;|w; 8)7

Shanghai Jiao Tong University | 2026 | yangxue.site 20
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Word Representation

Word2vec: objective function

® \We want to minimize the objective function:

17
J(8) = —?Z Z |09P(Wt+j|Wt; 8)

t=1-m<j<m
j#0

® Question: How to calculate P(w;|w; 8)7
® Answer: We will use two vectors per word w :
v v, when w is a center word.

v' u, when w is a context word.

Shanghai Jiao Tong University | 2026 | yangxue.site 21
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Word2vec: objective function

® \We want to minimize the objective function:

)(6) = ——Z > logP(w,y;lw; 6)

t=1—m<j<m
j#0

® Question: How to calculate P(w;|w; 8)7
® Answer: We will use two vectors per word w :
v v, when w is a center word.

v' u, when w is a context word.

® Then for a center word c and a contﬁnt word o:

P(o|c) = also called prediction function
2 ey exp(ulve)

Shanghai Jiao Tong University | 2026 | yangxue.site 22
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Word2vec with Vectors

® Example windows and process for computing P (w . j|w.)

® P (Upoblems|Vinto) Short for P(problems |into; upopiems: Vintor 8)

N T
problems turning - banking crises as

\ ) \ y,
Y H_/ Y
outside context words center word outside context words
in window of size 2 at position t in window of size 2

Shanghai Jiao Tong University | 2026 | yangxue.site 23
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Word2vec with Vectors

® Example windows and process for computing P (w . j|w.)

® P (Upoblems|Vinto) Short for P(problems |into; upopiems: Vintor 8)

P(Utuning|vinto) P(ubanking|vinto)

problems turning banking crises as

\ ) \ y,
Y w_/ Y
outside context words center word outside context words
in window of size 2 at position t in window of size 2

Shanghai Jiao Tong University | 2026 | yangxue.site 24



Word Representation

Word2vec: optimization

® To train a model, we gradually adjust parameters to minimize a loss

® In our case, with d-dimensional vectors and V-many words, we have:

z:x242y2

VYaardvark ' e e
Vg - : :

B = Uzebra c RZdV s d o | S
Ugardvark '
Ug

| Uzebra i , --_" i

Shanghai Jiao Tong University | 2026 | yangxue.site
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Word Representation

Word2vec
® The normalization term is computationally expensive (when many output classes)
exp (ugVe)
P(olc) = = _
> ey €XP(UyVe) - A big sum over words

Shanghai Jiao Tong University | 2026 | yangxue.site 26
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Word2vec
® The normalization term is computationally expensive (when many output classes)
exp (UpVe)
P(olc) = - .
> ey €XP(UyVe) - A big sum over words

® Hence, in standard word2vec and HW2 you implement the skip-gram model with

negative sampling.

Shanghai Jiao Tong University | 2026 | yangxue.site 27
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Word Representation

Word2vec
® The normalization term is computationally expensive (when many output classes)
exp (UpVe)
P(olc) = = _
> ey €XP(UyVe) - A big sum over words

® Hence, in standard word2vec and HW2 you implement the skip-gram model with
negative sampling.

® Main idea: train binary logistic regressions to differentiate a true pair (center

word and a word in its context window) versus several “noise” pairs (the center

word paired with a random word)

Shanghai Jiao Tong University | 2026 | yangxue.site 28
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Word2vec

1 <T
® Overall objective function (they maximize): J(6) = ?ZM J:(8)

k
J(8) = logo(ulv,) + z}_:] IEij(w)[Iogo(—uijC)]

Shanghai Jiao Tong University | 2026 | yangxue.site 29
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Word Representation

Word2vec

1 <T
® Overall objective function (they maximize): J(6) = ?ZM J:(8)

k
J(8) = logo(ulv,) + 21_:1 IEjNP(w)[Iogo(—uijC)]

:
® The logistic/sigmoid function: o(x) = 1+ e X
0.5+
® \We maximize the probability of two words co-
occurring in first log and minimize probability of | LA ]
—6 —4 -2 gl] 2 = b

noise words in second part.

Shanghai Jiao Tong University | 2026 | yangxue.site 30
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Word Representation

Word2vec

® Using notation consistent with this class and HW2:
jneg—sample(uor Ver U) - - |OgG(UgVC) — Z |Og G(U-ICVC)
ke{K sampled indices}

Shanghai Jiao Tong University | 2026 | yangxue.site 31
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Word2vec
® Using notation consistent with this class and HW2:
]neg—sample(uor Ver U) - - Iogo(ugvc) — Z |Og G(U-ICVC)

ke{K sampled indices}

® \We take k negative samples (using word probabilities)
® Maximize probability that real outside word appears; minimize probability that

random words appear around center word

Shanghai Jiao Tong University | 2026 | yangxue.site 32
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Word2vec

® Using notation consistent with this class and HW2:

— T T
jneg—sample(uor Ver U) - |OgG(UOVC) — Z |Og G(Ukvc)
ke{K sampled indices}

® \We take k negative samples (using word probabilities)

w)3/4
® Sample with P(w) = W)

, the unigram distribution U(w) raised to the 3/4

power. The power makes less frequent words be sampled more often
e.g. 0.94(0.75) = 0.93; 0.017(0.75) = 0.056

Shanghai Jiao Tong University | 2026 | yangxue.site 33
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Word Representation

Word2vec
. . . i (} 1

® Ve iteratively take gradients at each

window for SGD C

Mike
® |n each window, we only have at most VoJi(0)= | 0 € R24V
g,

2m + 1 words plus 2km negative words _

with negative sampling, so VgJ;(8) is ;gm

very sparse! I |

Shanghai Jiao Tong University | 2026 | yangxue.site 34
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Word Representation

Word senses and word sense ambiguity

® Most words have lots of meanings!
v Especially common words

v’ Especially words that have existed for a long time
® Example: pike

® Does one vector capture all these meanings or do we have a mess?

Shanghai Jiao Tong University | 2026 | yangxue.site 35



Word Representation

/ : \\ > > A %

C &
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Word senses and word sense ambiguity

® Example: pike

v

L X X X X < < X

A sharp point or staff

A type of elongated fish

A railroad line or system

A type of road

The future (coming down the pike)
A type of body position (as in diving)
To kill or pierce with a pike

To make one’s way (pike along)

Sk EiiE

S AY—F

PRERERE R T

B Ay —F

Rk (IREmT)

—FhBREE (Q07EK)

R R RIZE

FHEE (—E&E1T)

ERAFIIZEES, pike WEEEMNSE
EhiEH: BaoASMATTLATE LR NNEE,
{Bfte pike!

In Australian English, pike means to pull out from doing something: | reckon he could have

climbed that cliff, but he piked!

Shanghai Jiao Tong University | 2026 | yangxue.site
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® lIdea: Cluster word windows around words, retrain with each word assigned to

multiple different clusters bank1, bank2, etc.

uxury

e conversation
converinre - vareoer JESR" s g
& #gthod hrase meaning .
A translatio
AC0problem e Rovels fantasy stars Bisica
_ sense reason
desire fact maﬂm microsoft
relation
m
. nals
ok i dplevisin
: t celebration
laundering ey o venue Calendar
transaction cast tapeﬂash E— aftemoon
finance 5 d Ul start
banking keyhoarr'glysa p%%gsal
#Rical
secret
currency ) _
i e maene dvtarnc? gncounte!
UPPYtarm car gear cragfivewitch reyerse Eelipab aAaghy
$ estate
: ST cayal
coat "ggt ak
¢l
september ca ic "
july i august n:lng wearing beaﬁng rq‘ﬂﬁwf'&palny direction Sesg.lbmanne
o
april maleg . gap ary port
warrior
, u cogstific
tiger errito
€49 9 —— ry san
n .
L L IREthan, o g
721971 lak@gk
19605 1948 goder iR :
orange
1985 1988 .
are®Pdwn unier
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goddess
queen;PerOf

constellation
oracie
mars sun
asteroid
alaxy moon
planet t’
undergraduate
harvard
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Task Description

® Given a sequence of words x(V, x@, x® . x® compute the probability
distribution of the next word

P(xDx®, . x(D)

where x{*1 can be any word in the vocabulary V = {wy, ..., w}
® You can also think of the language model of next word prediction as a system that

assigns a probability to a piece of text.

P(x(V, ..., xWy = P(rx“)) x P(x@|x(M) x ... x P(xMD|xT=D, x(M)

_ P(xDxt=1 5 This is what our Language
g (I <) Model (LM) provides

Shanghai Jiao Tong University | 2026 | yangxue.site 39
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Next Word Prediction Model
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® |nput an unfinished sentence. A language model tries to predict next word.

e I'll meet you at the © >

airport

Shanghai Jiao Tong University | 2026 | yangxue.site

Go

what is the weather

what is the meaning of life
what is the dark web

what is the xfl

what is the doomsday clock
what is the weather today
what is the keto diet

what is the american dream
what is the speed of light
what is the bill of rights

what is the |

Google Search

gle

=

I'm Feeling Lucky

40
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Recurrent Neural Networks

books
. . laptops
A (fixed) window-based neural model
output distribution
® Disadvantages g = softmax(Uh + by) € RIV _m -
v" Influenced by fix window size 2 0
small window — weak representation U
enlarge window — Window can hidden layer
never be large enough! h=f(We+by) [............]
N
v xM and x@ are multiplied by concatenated word 1%.%
completely different weights in W. e = e e®. (), @)
No symmetry in how the inputs are [@@@@ 0000 0000 @@@@]
processed.
We need a class of neural W 1 T T
networks allowing to handle
variable length inputs word / one-hot vectors the  students opened  their
(1) 2 (2) 2 (3) %)
Shanghai Jiao Tong University | 2026 | yangxue.site Approximately: Y. Bengio, et al. (2000/2003): A Neural Probabilistic 41
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zurrent Neural Networks

We need a class of neural networks allowing to handle variable length inputs

Core idea: Apply the same weights W repeatedly

outputs
(optional) {

hidden states <

input sequence
(any length) {

Shanghai Jiao Tong University | 2026 | yangxue.site 42
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Recurrent Neural Networks T;? YFEZALE

g™ = P(x® |the students opened their)

v' output distribution i aal
51 = soft (Uh(t) b) RV
Y solftmax + 02 ) €

ol

v hidden layer
RO = (Wih(D + Wee® + bl)
h(9) is the initial hidden state

v word embeddings

) — B
v word / one-hot the  students opened their
() c RIVI ORI E) (3 2@

Shanghai Jiao Tong University | 2026 | yangxue.site 43
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g™ = P(x® |the students opened their)
books

RNN Advantages laptops

Can process any length input.

Computation for step f can (in theory) use . {ﬂl
information from many steps back . 4 B
Model size doesn’t increase for longer
input context

Same weights applied on every timestep,
so there is symmetry in how inputs are
processed.

N N XX e

RNN Disadvantages

Recurrent computation is slow
In practice, difficult to access information
from many steps back.

AN

the  students opened their
() z(2) ) 2 (4)

Shanghai Jiao Tong University | 2026 | yangxue.site 44
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Training an RNN Language Models

® Get a big corpus of text which is a sequence of words x(1, x(), x®) x(®

® Feed into RNN-LM; compute output distribution () for every step t.

® |.e., predict probability dist of every word, given words so far.

® [ oss function on step tis cross-entropy between predicted probability distribution
y(® and the true next word y® (one -hot for x(t*1);

JO®) = CEW®,59) = — 3 4 log g = —log !

LTt41
weV

® Average this to get overall loss for entire training set:
T

T
1 1 .
=7 > J0(9) = - > —log gl |

Shanghai Jiao Tong University | 2026 | yangxue.site 45
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Loss — JO@) + JA@) + JO@) + JY@O) +.. =

T N A
Predicted ey 56 ey
prob dists A A
U U U
h©)__ h(2) h(3) h(4)
@) (] O O
@ W, Jo[Wr |@| W |@| Wi _
@ O 1@ | @ i
@) O O O
o - . -
W, W, W,
(1) (3) (4)
o o| “le| “ e
@ O O
Te T8 s
Corpus —— the  students opened their exams

e () (3 ()

Shanghai Jiao Tong University | 2026 | yangxue.site
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Recurrent Neural Networks

Backpropagation for RNNs

hO_ AU
@) @)
e W, | %243 | el W, .
e—— - l @
O O

//"/ \\\ A
Y =1 §F) e A v X %
() X AXELZ
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J(t)(g)
t—2) h(t—l) h(fii\
O O O
O | %43 | ® W, RK | | %43
O 1@ | @ .
O ® O

The gradient w.r.t. a repeated
weight is the sum of the gradient
w.r.t. each time it appears

® Question: What’s the derivative of /(¥ (8) w.r.t. the repeated weight matrix W,?

o))

Shanghai Jiao Tong University | 2026 | yangxue site
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Recurrent Neural Networks

J® (6)

* |In practice, often
“truncated” after
~20 timesteps for
training efficiency
reasons

Apply the multivariable chain rule:

Wiy, =

o.J®) t 971
OWp  — OWp

) aJ ) L 8J® 8Wh‘(i)
W), = Wy |,| IW,

« Backpropagate over timestepsi=t, ... ,0,

summing gradients as you go. This § pontl
algorithm is called “backpropagation =¥ oJ
through time” = Whly

Shanghai Jiao Tong University | 2026 | yangxue.site 48
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Problems with RNNs: vanishing gradient

B

oJ® Oh(?)
Oh) R

What happens if these are small?

Shanghai Jiao Tong University | 2026 | yangxue.site

aJ@
PTG

Vanishing gradient problem:
When these are small, the gradient
signal gets smaller and smaller as it

backpropagates further
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Problems with RNNs: exploding gradient
® The gradient becomes too big, then the SGD update step becomes too big:

learning rate
f_A_‘
pnew — Qold . O{VQJ(O)

gradient

® This can cause bad updates: we take too large a step and reach a weird
and bad parameter configuration (with large loss)

® |n the worst case, this will result in Inf or NaN in your network (then you
have to restart training from an earlier checkpoint)
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Solutions

® The gradient becomes too big, then the SGD update step becomes too big:

learning rate
r_)\j
pnew — Qold . OéVgJ(Q)
gradvient

® Gradient clipping: if the norm of the gradient is greater than some

threshold, scale it down before applying SGD update

® Intuition: take a step in the same direction, but a smaller step

Shanghai Jiao Tong University | 2026 | yangxue.site 51
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Recurrent Neural Networks

How to fix the vanishing gradient problem?

J@) (0)

« The main problem is that it's too difficult for the RNN to learn to preserve information
over many timesteps.
* In avanilla RNN, the hidden state is constantly being rewritten

h) = o (Whh(t_l) + Woa® + b)

« Creating more direct and linear pass-through connections in model
Attention, residual connections, etc.

Could we design an RNN with separate memory which is added

Shanghai Jiao Tong Unive:tibvo% | yangxue.site 52
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RNN vs LSTM
® ® ® ® ® ©
1 ‘ 1 i : 1
BT R R 1 P= X
© ® © © ® ©
Vanilla LST
RNNs M
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ong Short-Term Memory Networks

® On step t, there is a hidden state h(Y and a cell state ¢(t)

v’ Both are vectors length n- _ In RNN, hidden neuron is a simple linear
v The cell stores long-term information sum

v" The LSTM can read, erase, and write information from the cell

Write some new cell content

@/ The + sign is the secret!

Forget some

cell content | ——~—_
Ct-l +H ’ t
£ Iy " “T—T—— | Output some cell content
Compute the G to the hidden state

forget gate

ht—l -

2 H\ \{
| \

Shanghai Jiao Tong University | 2026 | yangxue.site
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Compute the Compute the Compute the o
¥ Neural Network Pointwise Vector Concatenate Co
input gate new cell content output gate Layer Operation  Transfer i
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® The selection of which information is erased/written/read is controlled by three gates

v" The gates are also vectors of length n.

v" On each timestep, each element of the gates can be open (1), closed (0), or somewhere
in-between.

v" The gates are dynamic: their value is computed based on the current context.

Write some new cell content

The + sign is the secret!

Forget some
\/
cell content - \ ‘(
ct-l +H
Ft I " Output some cell content
Compute the e, | « to the hidden state
forget gate —(0 | [0 | [tanh
ht—l - A L3
| B e — > -
CompUte the CompUte the ComDUte the Neural Network Pointwise Vector C
. : oncatenate Copy
input gate new cell content output gate Layer Operation  Transfer
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® Ve have a sequence of inputs x(!), and we will compute a sequence of

hidden states h( and cell states ¢(!) . On timestep t:

Sigmoid function: all gate
Forget gate: controls what is kept vs values are between 0 and 1
forgotten, from previous cell state \

—~
Input gate: controls what parts of the -f(t) =T (th‘(t D + Ufw(t) r bf)

new cell content are written to cell \ ) "

Output gate: controls what parts of

cell are output to hidden state ~~ o) =|g (Woh(t_l) + Uom(t) =+ bo)

New cell content: this is the new Addition -

content to be written to the cell

Cell state: erase (“forget”) some

content from last cell state, and write é®) = tanh (Wch(t_l) ~+ UciD(t) -+ bc)

(“input”) some new cell content

All these are vectors of same length n

C(t) —_ f(t) o) c(t_l) _|_ ti(t) 0 é(t)

Hidden state: read (“output”) some | , () — 5(t) o tanh c®) I

Neural Network Pointwise Vector Concatenate Copy content from the cell
Layer Operation Transfer

-

Gates are applied using element-wise
(or Hadamard) product:
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Long Short-Term Memory Networks

® Ve have a sequence of inputs x(!), and we will compute a sequence of

hidden states h( and cell states ¢(!) . On timestep t:

Sigmoid function: all gate
Forget gate: controls what is kept vs values are between 0 and 1
forgotten, from previous cell state \

_"'\
t) L |
Input gate: controls what parts of the f = O')Wf ']ht—1 ) Xt[+bf(
new cell content are written to cell \
R )W, -1he—q, X [+b;(
Output gate: controls what parts of -
. t) L
cell are output to hidden state o(t) -1)')WO ']ht—1 , Xt[+bo(
New cell content: this is the new Concatenation >~

content to be written to the cell

Cell state: erase (“forget”) some

content from last cell state, and write é®) = tanh (Wch(t_l) ~+ UciD(t) -+ bc)

(“input”) some new cell content o0 f(t) o clt=1) " 50 o &)

Hidden state: read (“output”) some | , () — 5(t) o tanh c®) I

Neural Network Pointwise Vector Concatenate Copy content from the cell
Layer Operation Transfer

All these are vectors of same length n

-

Gates are applied using element-wise
(or Hadamard) product:
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rt-Term Memory Networks

cell state

hes

hidden state /
units.

input
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Step-by-step LSTM Walk Through

® Step 1: Decide what information to throw away from the cell state (memory)

v' The output of the previous state h;_4 and the new information x, jointly determine what

to forget.

v' h,_4 contains selected features from the memory C;_;

v' Forget gate f, ranges between [0, 1]

fr =0(Wg - [he_y, x¢] + by)
It

] O — > <

Neural Network Pointwise Vector
Layer Operation Transfer

ht—l

Concatenate Copy

oy
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Step-by-step LSTM Walk Through

® Step 2: Prepare the updates for the cell state from input
v' An alternative cell state C, is created from the new information x, with the guidance
Of ht_1 .

v" Input gate i; ranges between [0, 1]

iy = a(W; - [hi_1, x¢] + b))
5t = tanh(W¢ - [hi—7, x¢] + bc)

it >
Cy
hi—1
Ly l

Shanghai Jiao Tong University | 2026 | yangxue.site 61
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Step-by-step LSTM Walk Through

® Step 3: Update the cell state
v' The new cell state C, is comprised of information from the past f; % C,-1 and

valuable new information i, * C,

v » denotes elementwise multiplication

~ —X® @ >
Ci=1F*xCiq+ir xCy T _ %
[t Ztr-%t

1 O — > <

Neural Network Pointwise Vector

Layer Operation Transfer Concatansta S
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Step-by-step LSTM Walk Through

® Step 4: Decide the filtered output from the new cell state
v" Tanh function filters the new cell state to characterize stored information
Significant informationin C; » =+ 1

Minor details - 0

v Output gate o, ranges between [0, 1]

v' Serves as a control signal for the next time step &L

o, =0(W, - [hi—1, x¢] + by)

h; = o; * tanh(C;)
1 0 — > <

Neural Network Pointwise Vector
Layer Operation Transfer

hi—1

I

Shanghai Jiao Tong University | 2026 | yangxue.site 63
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Long Short-Term Memory Networks

LSTM variants

® Gate Recurrent Unit
v It combines the forget and input gates into a single “update gate”.
v It also merges the cell state and hidden state, and makes some other changes.

v' GRU is simpler than standard LSTM, and has been growing increasingly popular.

hy
hees S— \L 2t =0 (We - [hi—1,34))
) : ry =0 (Wy - [hi—1,x¢])
Tto | Tto | Itanhf ;Lt = tanh (W - [ry * hy—1, 2¢))
J/ he = (1 — 2¢) * hye1 + 20 * Iy
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LSTM variants

® Gate Recurrent Unit
v' Update gate: controls the composition of the new state
v Reset gate: determines how much old information is needed in the alternative state h,

v Alternative state: contains new information

v New state: replace selected old information with new information in the new state

e
he ~ L ze =0 (W, - [ht—1, 7))

é $ Ty = U(Wr : [ht—lamt])

T Zt Bt o

\_?_1 5;_1 hh hy = tanh (W - [ry  hy 1, 24))
- j

— ¥ ht:(l—zt)*ht_l—l—zt*ﬁt

A

Tt
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frt-Term Memory Networks

-1

input
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Sequence To Sequence

Pre-Neural Machine Translation

® Machine Translation (MT) is the task of translating a sentence x from one

language (the source language) to a sentence y in another language (the
target language).

® Example:
Source language (English): Machine Trans|ation in natural language processing

Machine Translation Model

\4

Target language (German): Maschinelle Ubersetzung in der Verarbeitung natirlicher Sprache

Shanghai Jiao Tong University | 2026 | yangxue.site 68
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:quence To Sequence

1950s: Early Machine Translation

® Machine Translation research began in the
early 1950s.

v" Russian — English (motivated by the Cold War!)

v Systems were mostly rule-based, using a bilingual

dictionary to map Russian words to their English

counterparts

Shanghai Jiao Tong University | 2026 | yangxue.site 69
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1990s-2010s: Statistical Machine Translation

® Core idea: Learn a probabilistic model from data

® Suppose we are translating French — English
® We want to find best English sentence y, given French sentence x

argmax,P(y|x)

® Use Bayes Rule to break this down into two components to be learnt separately:

Translation Model @l ymlaXyP(L[?LM'(‘y)

Models how words and phrases
should be translated (fidelity).
Learnt from parallel data.

Shanghai Jiao Tong University | 2026 | yangxue.site 70
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1990s-2010s: Statistical Machine Translation

® Question: How to learn translation model P (x|y)?

® First, need large amount of parallel data (e.g. pairs of human-translated

French/English sentences)

The Rosetta Stone

L Ancient Egyptian

J\

>~ Demotic

A

~ Ancient Greek

Shanghai Jiao Tong University | 2026 | yangxue.site 71
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What is Alignment?

® Question: How to learn translation model P(x|y) from the parallel corpus?

® Break it down further: Introduce latent a variable into the model:

P(x, aly)

where a is the alignment, i.e. word-level correspondence between source

sentence x a

Morgen| | fliege| |ich nach Kanada] |zur Konferenz
Tomorrow| | I||will fly to the conference| |in Canada
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quence To Sequence

What is Alignment?

Alignment is the correspondence between particular words in the translated sentence pair.
® Typological differences between languages lead to complicated alignments?

® Note: Some words have no counterpart

=
© T o
c > [4b) =
S © X >
O O « I3 3 @«
O o ¢ © O O
Le - ™ »w Q T cC w
Japan —— Japon Japan
shaken —— secoué Shalaa
by —— par
two —— deux by
new — nouveaux two
quakes —— séismes -
quakes

Shanghai Jiao Tong University | 2026 | yangxue.site http://www.aclweb.org/anthology/J93-2003 73
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Ice To Sequence

Alignment is Complex

® Alignment can be many-to-one

Shanghai Jiao Tong University | 2026 | yangxue.site

The
balance
was

the
territory
of

the
aboriginal
people

Le
— — reste

}—- appartenait

j— aux
:7— autochtones

The

balance

was
the
territory
of

the
aboriginal
people

= 3

® c

&= o

@ -—

+ L=

Q @ S
o B g 53
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Alignment is Complex

® Alignment can be one-to-many

We call this a
fertile word

And
BN, BN the
program
has
been
implemented

Shanghai Jiao Tong University | 2026 | yangxue.site

e

mis

_/_'
f
_/_'

apphcanon

L
programme
a

programme

Le
éte
mis

en

application

And

the

program

has

been

implemented
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Alignment is Complex

® Some words are very fertile!

he hit me with a pie

il
il e e he
. a
a hit
H / ms
M e s ME
entarté with entarté h

This word has no single-
word equivalent in
English
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Alignment is Complex

® Alignment can be many-to-many (phrase-level)

Shanghai Jiao Tong University | 2026 | yangxue.site

The Les
pOOr ———— pauvres
don’t sont
have démunis
any
money

pauvres

Les
sont

démunis

The

poor
don’t
have

any

money

- X A4
FXALY
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Learning Alignment for SMT

® Not We learn P(x,a|y) as a combination of many factors, including:
® Probability of particular words aligning (also depends on position in sent)
® Probability of particular words having particular fertility (number of corresponding
words)

® etc.

® Alignments a are latent variables: They are not explicitly specified in the data!
v Require the use of special learning aglos (like Expectation Maximization) for learning

the parameters of distributions with latent variables

Shanghai Jiao Tong University | 2026 | yangxue.site 78
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Decoding for SMT

® \Ve could enumerate every possible y and calculate the probability? — Too expensive!
® Answer: Impose strong independence assumptions in model, use dynamic programming
for globally optimal solutions (e.g. Viterbi algorithm).

® This process is called decoding

argmax, P (xly)P(y)

[
Question ////J
How to compute /

this argmax?

Translation Model
Models how words and phrases
should be translated (fidelity).

Learnt from parallel data.
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equence To Sequence

Viterbi: Decoding with Dynamic Programming

® Impose strong independence assumptions in model:

P(x,aly) = | | p(x;Ifag)
j=1

Shanghai Jiao Tong University | 2026 | yangxue.site 80
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Sequence To Sequence

SMT was a huge research field

The best systems were extremely complex
® Hundreds of important details we have not mentioned here
® Systems had many separately-designed subcomponents
® Lots of feature engineering
« Need to design features to capture particular language phenomena
® Require compiling and maintaining extra resources
» Like tables of equivalent phrases

® |ots of human effort to maintain

« Repeated effort for each language pair!
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Neural Machine Translation (NMT)

What is Neural Machine Translation?
® Neural Machine Translation (NMT) is a way to do Machine Translation with

a single neural network

® The neural network architecture is called sequence-to-sequence (aka

seq2seq) and it involves two RNNs

Shanghai Jiao Tong University | 2026 | yangxue.site 82



The sequence-to-sequence model

Encoding of the source sentence.

ce To Sequence

Target sentence (output)
A

4 \
Provides initial hidden state : ;
for Decoder RNN. he hit m? W’U_’ <END>
- N\ 5| .
= d . ©
2 8 : " ik
9] . .
- o >l 2o
S 0 0 |@
il a m’ entarte <START> he hit me pie
\ J

Y
Source sentence (input)

Encoder RNN produces
an encoding of the

source sentence.

Shanghai Jiao Tong University | 2026 | yangxue.site

O
D
)
@)
L
1)
1
)
e
i

Decoder RNN is a Language Model that
generates target sentence, conditioned on
encoding.

Note: This diagram shows test time behavior:
decoder output is fed in ..... » as next step’s input
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Sequence-to-Sequence is Versatile!

® Sequence-to-sequence is useful for more than just MT

® Many NLP tasks can be phrased as sequence-to-sequence:

® Summarization (long text — short text)
® Dialogue (previous utterances — next utterance)
® Parsing (input text — output parse as sequence)

® Code generation (natural language — Python code)

Shanghai Jiao Tong University | 2026 | yangxue.site
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Neural Machine Translation (NMT)

® The sequence-to-sequence model is an example of a Conditional Language Model.
v" Language Model because the decoder is predicting the next word of the target sentence y

v' Conditional because its predictions are also conditioned on the source sentence x

® NMT directly calculates P(y|x):

P(ylx) = P(y1IX)P(yz|y1,X)P(y3|y1.yz.X)---ngrlyn yr_mf)

Probability of next target

® Question: How to train a NMT system? word, given target words so
far and source sentence x

® Answer: Get a big parallel corpus...
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lence To Sequence &) FLLLY

Training a Neural Machine Translation System

= negative log = negative log = negative log
] — prob of “he” prob of “with” prob of <END>
J= ?21; = T |+ + L+|L|+J +0 BT
— T B BE B B EBE B
AY AY AN A \ AY A}
}’1 yz y3 y4 y5 yf, y7
A A A A A A A
= = Seq2seq is optimized
o ° o Py ° ) ° ) ° ° ol (e s as a single system.
54 |SofSlieels SEo(Si=iSrsi8i(Sisi8l=8| | & | Beckoropagalon
S o) ) ) o) o 0 ') o) 0 o) ) ; operates “end-to-end”.
c T T Z
L Z
il a m’  entarte <START> he hit me with a pie
N J \ J
Y Y
Source sentence (from corpus) Target sentence (from corpus)
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Greedy Decoding

® \We saw how to generate (or “decode”) the target sentence by taking argmax on

each step of the decoder.

he me with a pie <END>

f0|
on
—
3o

X

m

0000 | =12%

rgmax
argmax
=—le000}—— T

<START> he hit me with a

® This is greedy decoding (take most probable word on each step)

® Problems with this method?

Shanghai Jiao Tong University | 2026 | yangxue.site 87
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Problems with Greedy Decoding

® Greedy decoding has no way to undo decisions!

® Input: ilam’ entarté (he hit me with a pie)

® — he

® — he hit

® — he hita (whoops! no going back now...)

® How to fix this?

Shanghai Jiao Tong University | 2026 | yangxue.site 88
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Sequence To Sequence

Exhaustive Search Decoding

e Ideally, we want to find a (length T) translation y that maximizes

P(ylx) = P(y1[x)P(y2ly 1, x)P(ysly1, ¥y2, X)...P(yrly 1, o0 Y11, X)
T
= HP(Yt|Y1r-~:Yt—1:X)
t=1

e We could try computing all possible sequences y
v This means that on each step t of the decoder, we are tracking V! possible

partial translations, where V is vocab size

Shanghai Jiao Tong l%werltbl'&ﬁ@l(%r;g ueGQmpleXIty IS fa'r too expenSIVel 89
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Beam Search Decoding

® Core idea: On each step of decoder, keep track of the k most probable partial

translations (which we call hypotheses)

v k is the beam size (in practice around 5 to 10)

® A hypothesis y+, ..., ¥; has a score which is its log probability:

t
score(yq, ... y¢) = logP y(yq, ..., yilx) = z log Py (Yily1r - Yie1,X)
i=1

v' Scores are all negative, and higher score is better

v" We search for high-scoring hypotheses, tracking top k on each step

Shanghai Jiao Tong University | 2026 | yangxue.site 90
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Beam Search Decoding

® Core idea: On each step of decoder, keep track of the k most probable partial

translations (which we call hypotheses)

v k is the beam size (in practice around 5 to 10)

® A hypothesis y+, ..., ¥; has a score which is its log probability:

t
score(yq, ... y¢) = logP y(yq, ..., yilx) = z log Py (Yily1r - Yie1,X)
i=1

® Beam search is not guaranteed to find optimal solution

® But much more efficient than exhaustive search!
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 To Sequence

Beam Search Decoding: Example

® Beam size = k = 2. Blue numbers score(y;,...,y:) = 2;1 log P p (VilY1s e Vie1 X)

<START>

Calculate prob

dist of next word
Shanghai Jiao Tong University | 2026 | yangxue.site 92
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Beam Search Decoding: Example

s 2 4 40
FRAAE

® Beam size = k = 2. Blue numbers score(y;,...,y:) = zf=1 log P p (VilY1s e Vie1 X)

-0.7 = log P, (he | <START>)
he

/

<START>

N

/
-0.9= log P,,(/| <START>)

Shanghai Jiao Tong University | 2026 | yangxue.site

Take top k words
and compute scores
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Beam Search Decoding: Example

- X A4
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® Beam size = k = 2. Blue numbers score(y;,...,y:) = 2:;1 log Pipi(Vily1s-ear Vie1, X)

-1.7 = log P, (hit| <START> he) + -0.7

-2.9= log P, (struck | <START> he) + -0.7

-1.6= log P, (was|<START> 1) + -0.9

he <
/ struck
<START>
\ was
] <
-0.9 got

Shanghai Jiao Tong University | 2026 | yangxue.site

-1.8= log P, (got | <START> ) + -0.9

For each of the k hypotheses, find top
k next words and calculate scores
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Beam Search Decoding: Example
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® Beam size = k = 2. Blue numbers score(y;,...,y:) = 2:;1 log Pipi(Vily1s-ear Vie1, X)

-1.7

he <
struck
/ 2.9

<START>
\ -1.6
wdas

: <
got

1.9

1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores

95



nce To Sequence

Beam Search Decoding: Example
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® Beam size = k = 2. Blue numbers score(y;,...,y:) = 2:;1 log Pipi(Vily1s-ear Vie1, X)

-2.8 = log P, (a| <START> he hit) + -1.7

-1.7 a
he < me
/ struck 2.5 = log P, (me| <START> he hit) + -1.7
-2.9
<START> -2.9 = log P, (hit | <START> | was) + -1.6
\ e hit
was <
| < struck
got
-0.9 -3.8 = log P, (struck| <START> | was) + -1.6
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

For each of the k hypotheses, find top
k next words and calculate scores
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Beam Search Decoding: Example

® Beam size = k = 2. Blue numbers score(y;,...,y:) = 2,;1 log Pipi(Vily1s-ear Vie1, X)

-2.8
-1.7 a
he < me
/ struck 25
-2.9
<START> -2.9
\ 146 hit
was <
| < struck
0.9 9oL -3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores
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Beam Search Decoding: Example

-4.0
tart
2.8 / ,
ie
il & P
.7 hit 3.4
h€’< me 3.3
/ struck 25 with
2.5
<START> -2.9 on
\ 1.6 hit EY:
wdas
| < struck
0.9 got 3.8
B

Shanghai Jiao Tong University | 2026 | yangxue.site

For each of the k hypotheses, find top
k next words and calculate scores

s 2 4 40
FRAAE
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Beam Search Decoding: Example

4.0
tart
2.8 Z ,
1e
R a p
he< me 3.3
/ SEPHCK 2.5 with
2.9
<START> -2.9 on
\ 1.6 hit 35
wdas
| < struck
0.9 got 3.8
1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores

s 2 4 40
FRAAE
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Beam Search Decoding: Example

4.0 -4.8
tart in
-2.8 - ;
17 / pie with
. a
0.7 hit -3.4 -4.5
he < me Lk B
/ struck 25 with a
-2.9
<START> -2.9 on one
\ 1.6 hit 3.5 4.3
was
| < struck
0.9 got -3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

For each of the k hypotheses, find top
k next words and calculate scores
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Beam Search Decoding: Example

4.0 -4.8
tart in
ie { Wi
4.7 a p
0.7 Pt 3.4 4.5
he< me 35 A7
/ struck o5 with 5
-2.9
<START> -2.9 on one
\ 1.6 hit 3.5 43
was
| < struck
0.9 got 3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

Of these k2 hypotheses, just
keep k with highest scores

101



juence To Sequence

Beam Search Decoding: Example

4.0 -4.8
tart in
-2.8
17 Z pie with 4.3
; a pie
0.7 hit -3.4 -4.5
he < > me 3.3 -3.7 tart
/ SLrue 2.5 with a 4.6
-2.9
<START> -2.9 on one -5.0
\ "l hit 3.5 4.3 pie
was
/ < struck tart
0.9 - 3.8 5.3
-1.8

’// i\‘\\\ - /». 4 X %

\% g)
€/ SHANGHALI JIAO TONG UNIVERSITY

For each of the k hypotheses, find top

. _— . k next words and calculate scores
Shanghai Jiao Tong University | 2026 | yangxue.site 102
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Beam Search Decoding: Example

-4.3

pie

tart

-4.6

-5.0

4.0 -4.8
tart in
2.8 _ ,
5 pie with
. a
0.7 hit -3.4 -4.5
he < me 3.3 7
/ struck 25 with -
-2.9
<START> -2.9 on one
\ 1.0 hit 35 4.3
was
| < struck
0.9 gt 3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

pie

tart

-5.3

This is the top-scoring hypothesis!

B)) X AXELZ

\%, g)
€/ SHANGHALI JIAO TONG UNIVERSITY
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Beam Search Decoding: Example

-4.3

pie

tart

-4.6

-5.0

4.0 -4.8
tart in
2.8 Z
ie with
2.7 . p
0.7 Wit -3.4 4.5
he < me 5.5 W
/ struck 25 ith .
-2.9
<START> -2.9 on one
\ 1.6 hit 3.5 4,3
was
| < struck
0.9 got 3.8
-1.8

Shanghai Jiao Tong University | 2026 | yangxue.site

pie

tart

-9.3

Backtrack to obtain the full hypothesis

s 2 4 40
FRAAE
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Beam Search Decoding: Stopping Criterion

® In greedy decoding, usually we decode until the model produces a <END> token
® For example: <START> he hit me with a pie <END>

® In beam search decoding, different hypotheses may produce <END> tokens on

different timesteps
® When a hypothesis produces <END>, that hypothesis is complete.

e Place it aside and continue exploring other hypotheses via beam search.

e Usually we continue beam search until:
® We reach timestep T (where T is some pre-defined cutoff), or

e We have at least n completed hypotheses (where n is pre-defined cutoff)
Shanghai Jiao Tong University | 2026 | yangxue.site 105
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Beam Search Decoding: Finishing up

® \We have our list of completed hypotheses.

® How to select top one with highest score?

® Each hypothesis y+, ..., y; on our list has a score

t
score(yq, ... y¢) = logP y(yq, ..., yilx) = z log Py (yily1s - Yiz1,X)

=1

® Problem with this: longer hypotheses have lower scores

® Fix: Normalize by length. Use this to select top one instead:

1 t
?z log Pip(yilyss - ¥iz1,X)
i=1

Shanghai Jiao Tong University | 2026 | yangxue.site 106



Sequence To Sequence

Advantages of NMT

Compared to SMT, NMT has many advantages:

® Better performance
v More fluent
v' Better use of context

v Better use of phrase similarities

® A single neural network to be optimized end-to-end
v" No subcomponents to be individually optimized

® Requires much less human engineering effort
v" No feature engineering

v' Same method for all language pairs

Shanghai Jiao Tong University | 2026 | yangxue.site

’ S \\ - » A %
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N mme€s/  SHANGHAI JIAO TONG UNIVERSITY
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Disadvantages of NMT?

Compared to SMT:

® NMT is less interpretable
® Hard to debug

® NMT is difficult to control

® For example, can’t easily specify rules or guidelines for translation

® Safety concerns!

Shanghai Jiao Tong University | 2026 | yangxue.site 108
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How do we evaluate Machine Translation?

BLEU (Bilingual Evaluation Understudy)

® BLEU compares the machine-written translation to one or several human-written

translation(s), and computes a similarity score based on:

v n-gram precision (usually for 1, 2, 3 and 4-grams)

v Plus a penalty for too-short system translations

® BLEU is useful but imperfect
v" There are many valid ways to translate a sentence
v" S0 a good translation can get a poor BLEU score because it has low n-gram overlap with the

human translation

Shanghai Jiao Tong University | 2026 | yangxue.site 109



Sequence To Sequence

MT Progress over Time

27 B Phrase-based SMT B Syntax-based SMT
B Neural MT
20.3
13.5
6.8
0

2013 2014 2015 2016

Shanghai Jiao Tong University | 2026 | yangxue.site 110



’ s \\ - » A %
K(IABY S EV L

% 5
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Sequence To Sequence

NMT: The Biggest Success Story of NLP DL

Neural Machine Translation went from a fringe research activity in 2014 to the leading

standard method in 2016

® 2014: First seqg2seq paper published
® 2016: Google Translate switches from SMT to NMT

® This is amazing!
® SMT systems, built by hundreds of engineers over many years, outperformed by NMT systems

trained by a handful of engineers in a few months

Shanghai Jiao Tong University | 2026 | yangxue.site 111
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So is Machine Translation Solved?

® Nope!

® Many difficulties remain:
v Out-of-vocabulary words
v' Domain mismatch between train and test data
v' Maintaining context over longer text

v Low-resource language pairs

Shanghai Jiao Tong University | 2026 | yangxue.site 112
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So is Machine Translation Solved?

® Using common sense is still hard

® |dioms are difficult to translate

SPANISH - DETECTED HINDI

SPANISH ENGLISH v «
Mi amigo no tiene pelos en la lengua| X
o) 36/5000
HINDI - DETECTED ENGLISH SPANISH FRENCH v '

STd 2TTH &l UdT Il b d) URien § fawa g mar, a9 X
3BT T 3R T

jab shyaam ko pata chala kee vo pareeksha mein viphal ho gaya, tab usaka chahara utar
gaya.

©

72/5000

Shanghai Jiao Tong University | 2026 | yangxue.site

ENGLISH SPANISH ARABIC Vi

My friend has no hair on the tongue

£D) 0O 7z <

ENGLISH SPANISH ARABIC v

When Shyam came to know that he failed the exam,
his face went down.

) g 7z <

113



1ence To Sequence

So is Machine Translation Solved?

® NMT picks up biases in training data

Malay - detected ~ \!J = English~ I_I:] ‘D
Dia bekerja sebagai jururawat. She works as a nurse.
Dia bekerja sebagai pengaturcara. He works as a programmer.

A

Didn’t specify gender

Shanghai Jiao Tong University | 2026 | yangxue.site 114
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So is Machine Translation Solved?

® Uninterpretable systems do strange things

Somali ~ - English ~ [E] L D)
Translate from Irish

ag ag ag ag ag ag ag ag ag ag ag ag As the name of the LORD was written
ag ag ag ag ag ag ag ag ag ag ag ag in the Hebrew language, it was written
ag in the language of the Hebrew Nation
Open in Google Translate Feedback

Shanghai Jiao Tong University | 2026 | yangxue.site
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NMT Research Continues

NMT is the flagship task for NLP Deep Learning
® NMT research has pioneered many of the recent innovations of NLP Deep Learning

® In 2019: NMT research continues to thrive

® Researchers have found many, many improvements to the “vanilla” seq2seq NMT system we

have presented today

® But one improvement is so integral that it is the new vanilla...

ATTENTION

Shanghai Jiao Tong University | 2026 | yangxue.site 116
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Seq2Seq: The Bottleneck Problem

Encoding of the
source sentence.

Target sentence (output)

A
4 A\

he hit me with a pie <END>

i

il a m’  entarté <START> he hit me with a pie

\ 7
Y

Source sentence (input)

Encoder RNN
™

o
D
0O
o
=5
D
-
e
=
pd

Problems with this architecture?

Shanghai Jiao Tong University | 2026 | yangxue.site 117
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Seq2Seq: The Bottleneck Problem

Encoding of the
source sentence.

This needs to capture all Target sentence (output)
information about the A
source sentence. r A
pie

Information bottleneck! 9 hit me  with a

Encoder RNN
——

<START> he hit me with
) pie

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

a

O
1)
)
o
o
1]
=
o)
=
-

- X A4
FXALY
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Attention

® Attention provides a solution to the bottleneck problem.

® Core idea: on each step of the decoder, use direct connection to the

encoder to focus on a particular part of the source sequence

)

)

® First, we will show via diagram (no equations), then we will show with

equations

Shanghai Jiao Tong University | 2026 | yangxue.site 119



 To Sequence

Seg2Seq with Attention

dot product

{
i

il a m’ entarte <START>

\ J
Y

Source sentence (input)

scores

Encoder Attention
RNN

Shanghai Jiao Tong University | 2026 | yangxue.site
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e
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 To Sequence

Seg2Seq with Attention

dot product

scores

Encoder Attention
RNN

il a m’ entarte <START>

A J
Y

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site
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 To Sequence

Seg2Seq with Attention

dot product

scores

Encoder Attention
RNN

il a m’ entarte <START>
\ J

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site
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To Sequence

Seg2Seq with Attention

dot product

Encoder Attention

il a m’ entarte <START>
\ J

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site
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-
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a
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On this decoder timestep,
we’re mostly focusing on the
/ first encoder hidden state
(”he ”)

Take softmax to turn the
scores into a probability
distribution

distribution

RNN

i
o
)
=
)
-
-
<
i
u &
g 2
o ©
- U
- v
<
L
Q
o
O
)
=
L

NNY J2p02a(

a m’ entarte <START>

\ o
Y

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site 124



‘0 Sequence

Attention 4

output

distribution

—— A A

scores

RNN

=
o2
-
2
Q
+—
|
<
=
2
il
| =
(4]
)
3
<
A
Q
g =)
=
(@)
=
Ll

il a m’ entarte
\ J

Y
Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

Use the attention distribution to take
a weighted sum of the encoder
hidden states.

The attention output mostly contains
information from the hidden states
that received high attention.

<START>

NNY J9p023(

D X FXAALE

/" SHANGHAI JIAO TONG UNIVERSITY
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o Sequence

Attention

c
2
-

=
o

L
-
L
=

1
{
{

scores

Encoder Attention Attention
RNN

il a m’ entarte

\ J
Y

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

he

<START>

Concatenate attention output
with decoder hidden state,
then use to compute as
before

O
M
R
o
Q.
M
=
e
=
S
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[0 Sequence

Attention hit
_ output

distribution

scores

Encoder Attention Attention
RNN

il a m’ entarte <START> he /

\ J
Y

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

Sometimes we take the
attention output from
the previous step, and
also feed it into the
decoder (along with the
usual decoder input).
We do this in
Assignment 4.

o
D
0
L,
i
1)
-
pe)
Pk
iz
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o Sequence

® .
e | Attention
®| output
A ek P
, = A -

= 0

09 ‘L‘

~ I

g =

£ g

<35

=

2

s

&

it

<

| .

]

E

O

Qe

L

il a m’ entarte

9 ¥
Y

. Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

<START>

he
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o
M
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o
o
D
-y
-
z
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o Sequence

Attention
_output

G
o s S
) M s
e .0 H
I

b | e | j o | |
<2

=
O wn
"E g @ - - -
b S
4l W0
<
3] ®
w = ®
(=
E -
L

il a m’ entarte
\ v J

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site

<START> he

hit

me
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X
M
-
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o Sequence

> F—> 0

Attention
L output

- AR ™
= 8 : S
o5 o
- I d
TR i
o 4:,,3 ) i' &
<2

o
L=
oo w1
- O
C i s =
<9 A
-
<
] 0
82 : E E E E E E
o Z
= :
L (@]

il a m’ entarte <START> he hit me
\ - )

Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site
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o Sequence

e | Attention pie
output T
c S > P
S5 > 75
- 3 S A
s 8 P
g2 A
=
e
2 3
“ -_ - -
251 £
=5
= w)
= D
@ ()]
5 ~ 2
oz ® )
0 & .
O
. 2
z
il a m’ entarte <START> he hit me with a
1\ J

Y
Source sentence (input)

Shanghai Jiao Tong University | 2026 | yangxue.site 131



Sequence To Sequence @) X FLArY

%, &)
i"\l@DTuNF{g@A/ SHANGHAI JIAO TONG UNIVERSITY

Attention: in equations

® \We have encoder hidden states hj, ..., hy € R"
e On timestep t, we have decoder hidden state s, € R"
® \We get the attention scores e' for this step:

el = [s/h;,...,sThy] € RN

® \We take softmax to get the attention distribution a® for this step (this is a

probability distribution and sums to 1)

a! = softmax(e') € RN

Shanghai Jiao Tong University | 2026 | yangxue.site 132
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Attention: in equations

® We use a' to take a weighted sum of the encoder hidden states to get the

attention output: a' = EL ath; € R
® Finally we concatenate the attention output a; with the decoder hidden state
s; and proceed as in the non-attention seq2seq model

[as; s¢] € R2h

Shanghai Jiao Tong University | 2026 | yangxue.site 133
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Sequence To Sequence

Attention is Great

® Attention significantly improves NMT performance
v It is very useful to allow decoder to focus on certain parts of the source

® Attention solves the bottleneck problem

v Attention allows decoder to look directly at source; bypass bottleneck

® Attention helps with vanishing gradient problem

v Provides shortcut to faraway states

Shanghai Jiao Tong University | 2026 | yangxue.site 134
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Attention is Great

® Attention provides some interpretability
v By inspecting attention distribution, we can see what the decoder was focusing on
v We get (soft) alignment for free!
v This is cool because we never explicitly trained an alignment system
v" The network just learned alignment by itself

il e « he he hit me wit a pie

a hit -| -
|
a
Cicich cwith |
m
\a f-
. entarté
pie

Shanghai Jiao Tong University | 2026 | yangxue.site 135
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Attention Variants

® Basic dot-product attention: e; = s"h, € R

® Note: this assumes d; = d,

® This is the version we saw earlier

e Multiplicative attention: e; = sTWh;, € R

® Where W € R%1%% js g weight matrix

e Additive attention: e; = v tanh(W+h; + W,s) € R

® \Where W, € R%*41 W, € R9%% gre weight matrices and v € R% is a weight vector.

® d; (the attention dimensionality) is a hyperparameter

Shanghai Jiao Tong University | 2026 | yangxue.site 136
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Vanilla Neural Networks
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:f:nt Neural Networks

one to one one to many

Shanghai Jiao Tong University | 2026 | yangxue.site

N\

e.g. Image Captioning
Image -> Sequence of words

s 2 4 40
FXALY
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one to one one to many

Shanghai Jiao Tong University | 2026 | yangxue.site

nt Neural Networks

many to one

e.g. Spam Detection
Email -> Spam or not

s 2 4 40
FXALY
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rent Neural Networks

one to one one to many many to one many to many

e.g. Video Caption
Video -> Caption

Shanghai Jiao Tong University | 2026 | yangxue.site 140
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one to one one to many many to one many to many many to many

/

e.g. Video classification on frame level

Shanghai Jiao Tong University | 2026 | yangxue.site 141
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Problem of Sequential Data

® Single word Understanding is easy

® From previous word representations solution

® But...... How to representing words by their context

Shanghai Jiao Tong University | 2026 | yangxue.site 142



Recurrent Neural Networks

Problem of Sequential Data

® Single word Understanding is easy

v From previous word representations solution

® But...... How to representing words by their context
v Word Embedding Table is not enough

v' We need to model sequential information explicitly

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the
hodgepodge...
...India has just given its banking system a shot in the arm...
Different meanings of banking in different context

Shanghai Jiao Tong University | 2026 | yangxue.site 143
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Ecurrent Neural Networks

Theory and Computation

® To represent sequential information, model must have some “memory

mechanism”

RNNs have an “internal
state” that is updated as a
sequence is processed

Shanghai Jiao Tong University | 2026 | yangxue.site 144
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Recurrent Neural Networks

Theory and Computation

® Unrolled “memory mechanism”. The hidden state from the previous step will be

passed to the next step's input and used together as the input for the RNN.

Y1

Unrolled 1
- KN

I

X

X 1

I I
Bl

I

t

Shanghai Jiao Tong University | 2026 | yangxue.site 145
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Recurrent Neural Networks

Theory and Computation

® Hidden State Update: h; = fW(ht—la wt)

v h; represents the hidden state at

the current step, computed using y y y

the previous hidden state h;_4 and

the current input x, . m m_m

v' The previous hidden state is

h

—

T
1

T

passed to the next step, combined X, X, X5

with the new input to update the
RNN's state.
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urrent Neural Networks

Theory and Computation

® Output Generation:

yt =fWhy(ht)

output / new state

Y1 Y2 Y3

another function
with parameters W,

y: represents the output in step t Xy X, X3

Shanghai Jiao Tong University | 2026 | yangxue.site 147



Recurrent Neural Networks

Theory and Computation
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® Formula detail: The same function and the same set of parameters (w,b)

are used at every time step

= fw(he—1, x¢)

Shanghai Jiao Tong University | 2026 | yangxue.site

.

ht = tanh(Whhht_l T thxt = bh)

(Matmul then
Add)

Vi = Wpyht + by,

(Be like Vanilla NN)
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Ecurrent Neural Networks

Theory and Computation

® The hidden state Ny can be initiated randomly and learn

Shanghai Jiao Tong University | 2026 | yangxue.site 149
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lecurrent Neural Networks

Theory and Computation

® The hidden state Ny can be initiated randomly and learn
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Recurrent Neural Networks
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® The hidden state Ny can be initiated randomly and learn
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Recurrent Neural Networks

Theory and Computation

10 iCEL 5
e/ SHANGHAI JIAO TONG UNIVERSITY

® The same function and the same set of parameters (w, b) are used at

every time step

ho

:fW

W
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zurrent Neural Networks

Theory and Computation

® Many to Many: e.g. Machine Translation

Y1

Y2

Y3

Shanghai Jiao Tong University | 2026 | yangxue.site

Yo

\. CES ’ )
Nt/ SHANGHAI JIAO TONG UNIVERSITY

153



rent Neural Networks
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Theory and Computation

® Many to One: e.qg. Spam Detection

b
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rent Neural Networks

Theory and Computation

® One to Many: e.g. Image caption

Y1

Y2

Y3
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Recurrent Neural Networks (@) r FAALZ

e/ SHANGHAI JIAO TONG UNIVERSITY

Theory and Computation

® Training: We can compare the prediction y; with Ground truth x,.1 to compute the loss L;

Y1 gl = Y2 1 Ly Y3 g = Y1 1 Ly
ho =fW =h1 =fW =h2 =fW =h3—f...—PhT
X1 X3 X3
W
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rrent Neural Networks
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Theory and Computation

® Training Strategy: Back propagation through time

7 INS

A y A b b I 3 y h 3 h A
> >
A 4 4 b s A h A ' 4
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Thanks

Welcome to join VisionXLab
yangxue.site

Time step: Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL

Je suis eétudiant DECODER
—
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